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EXECUTIVE SUMMARY

Reliable knowledge of the status and trend of vamnei populations is critical to their
conservation. Direct and indirect methods of nammig carnivores, however, are time
consuming and expensive to conduct across largeakpeales. In the Northern Rocky
Mountains, wildlife managers need a time- and eftient method for monitoring the large,
growing population of gray wolve€énis lupu} at state-wide scales. Each year, Montana Fish,
Wildlife and Parks (MFWP) conducts annual telephsmereys of >50,000 hunters providing a
large number of potential observers of wolves ierg\part of Montana. We explored how
survey data on hunter’s sightings of wolves cowdnzorporated into multi-year patch
occupancy models to estimate the abundance antbdigin of wolf packs, wolves, and
breeding pairs in Montana for 2007- 2009. We usaater observations of wolves to estimate
the probability that 600-kfrpatches within a uniform grid overlaid on Montamere occupied
by a wolf pack. Our occupancy modeling framewdsoallowed us to examine how
geographic and ecological factors influenced a walfk’s probability of occupancy,

colonization, extinction, and detection. To geteestimates of numbers of wolves, we used



occupancy model output in combination with the meamber of wolves seen by hunters. To
generate estimates of numbers of breeding pairsis&e occupancy model output in
combination with data on the distribution of pacdes. We assessed model accuracy by
comparing our estimates of numbers of wolf pacldyes, and breeding pairs to MFWP
minimum known number of wolf packs, wolves, anddaieg pairs. In the top occupancy
model, occupancy was positively related to forestec, rural road density, and elevation,
colonization was positively related to forest covmill elk harvest, and the mean number of
wolves seen, extinction was negatively relatedhéorhean number of wolves seen, and detection
was positively related to hunter effort and forester. Our models provided estimates of
number of wolf packs, wolves, and breeding paias tiere accurate, generally exceeding of
MFWP minimum counts for 2007-2009 ky20% (i.e., accounting for wolves undetected by
current monitoring). Lastly, we developed a mauglramework that will enable MFWP to
evaluate alternative harvest and management seateghe patch occupancy model we
developed for harvest modeling will allow MFWP tere how harvest influences wolf
population dynamics in the state. Patch occupamayels based on hunter surveys provide
accurate estimates number of wolves and breediing g@iastate-wide scales in a time- and cost-
efficient manner. For these models to remain ateun the future, complementary field
monitoring of pack sizes and distributions willteguired to ensure hunter sightings remain
calibrated to wolf population dynamics. The hatwvasdels we present offer the opportunity to
evaluate effects of alternative harvest scenariosnvsetting wolf quotas, and to evaluate actual
effects of implemented quotas on the Montana woitfytation through an adaptive management

framework.
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INTRODUCTION

Gray wolves Canis lupu} were extirpated from the western United Statebenearly 1900s as a

result of bounty-induced killing and habitat losdéech 1970). In 1973, wolves were listed as

endangered in the lower 48 states (except Minngbgtthe United States Fish and Wildlife

Service (USFWS). Wolves began naturally recolorgaorthwestern Montana from Canada in

the early-1980s, and 66 wolves were translocatad ffanada into Yellowstone National Park

and central Idaho in 1995 and 1996 to enhance ezgdBangs et al. 1998). The recovery goal
for wolves in the Northern Rocky Mountains (NRM)sw#8800 wolves and30 breeding pairs

(i.e., an adult male and female that have proda@eplups which survive until December 31 of

their birth year; USFWS 1994), evenly distributedoag the recovery areas (Central Idaho

[CID], Greater Yellowstone [GYA], and northwestévtontana [NWMT]) for 3 consecutive

years (USFWS 1994). The wolf population in the NR& exceeded this goal since 2002

(USFWS 2003). In 2009, the NRM wolf population vekdisted (USFWS 2009) and a wolf

hunting season was implemented in both Montanddait. The decision to delist was revoked



in August 2010, and the species currently remamkeuprotection of the Endangered Species
Act (ESA).

To monitor wolves in the NRM during recovery, th8FBWS and state agencies
attempted to capture and radio-collar members aiasy wolf packs as possible (USFWS et al.
2010). Radio collars were used to locate packsdacdment pack size, reproductive success,
and territory size (USFWS et al. 2010). This mamitg technique was reliable when a small
number of wolf packs inhabited the NRM; as of 20@8wever, the NRM contained >1,700
wolves in >240 packs (USFWS et al. 2010). Radembeltry as a primary monitoring technique
for this large, growing population is no longerdexde given the time and financial constraints of
most management agencies. Nonetheless, stateieganbontana, Idaho, and Wyoming will
be legally required to monitor wolf populations arhually documer#100 wolves and10
breeding pairs within their respective states fgears following delisting (USFWS et al. 2010).
To accomplish this, wildlife managers need a nawe+t and cost-efficient method for accurately
and precisely estimating numbers of wolf packsgltablves, and breeding pairs at statewide
scales.

Most carnivores, including gray wolves, are difftdio monitor on large spatial scales
because they live at low densities, are often moatuand are difficult to observe (Harrington
and Mech 1982, Crete and Messier 1987, Schonewade€Cal. 1991, Ballard et al. 1992, Mills
1996). Monitoring wolves across the rugged andsdirforested landscape of Montana has
become prohibitively difficult as wolf numbers comte to increase. A variety of effective field
survey methods (e.g., rendezvous site surveydshairgenetic sampling, and howlboxes) have
been developed for monitoring wolves (Harringtod 8Mech 1982, Crete and Messier 1987,

Ballard et al. 1992, Becker et al. 1998, Gomppeal.e2006, Ausband et al. 2009), yet most of



these techniques are impractical to apply at awide level given constraints on personnel,
time, accessibility, and budgets (Potvin et al.3)00
In contrast, hunters are widespread and numerausgddeer Qdocoileusspp.) and elk

(Cervus elaphyshunting seasons in Montana providing a large remolb potential observers of
wolves in every part of the state. Each year, MoatFish, Wildlife and Parks (MFWP)
conducts annual telephone surveys of >50,000 hmitdegather information about hunter
success and other aspects of wildlife managenfemiminary work by Ausband et al. (2009)
indicated that patch occupancy models (MacKenza. &006) developed using public sightings
of wolves provided estimates of numbers of wolfksaihat were consistent with known
numbers of wolf packs in several study areas ihadarhis suggests that in an appropriate
modeling framework, these data may be reliableigarin population estimation. In anticipation
of using similar survey data in future monitorirf(pets, MFWP began asking questions
pertaining to hunter’s sightings of wolves as drtheir telephone surveys beginning in 2007.

In recent years, patch occupancy models (Mackeegizal. 2006) have become widely
used for estimating the probability that landscpatehes are occupied by a species of interest
(i.e., occupancy) using detection/non-detectioa.ddto estimate occupancy, investigators
conduct repeated surveys of landscape patchegydarelatively short time period (i.e., season)
when occupancy is assumed to remain constant (Mam&et al. 2002). Patch occupancy
modeling uses the patterns of detections and neati@hs over multiple visits to each patch to
estimate detection probabilities (i.e., probabiipecies will be detected given that it is present)
and occupancy. By including detection probabdiiie estimates of occupancy, patch occupancy

models account for imperfect detection of the sggeof interest (MacKenzie et al. 2006).



Patch occupancy models are based on a numberwhpsens. First, detection
probability is assumed to be independent at eatdihpa&econd, occupancy is constant between
repeated sampling occasions within a single sea@meupancy models can be developed for a
single year or repeated sampling occasions froryeat can be combined in a multi-year model.
For multi-year models, occupancy of specific pascimay change between years, but not within
repeated sampling occasions in any given yearthdmulti-year model, the probability that an
unoccupied patch will become occupied (colonizgtmrthe probability that an occupied patch
will become unoccupied (extinction) can also bénested (MacKenzie et al. 2006). The third
assumption is that no heterogeneity in detectiooypancy, colonization, or extinction exists
that cannot be explained by model covariates. Iy, ashereas patch occupancy models are
specifically designed to account for imperfect data, they assume that observations include
no “false positive” detections (i.e., observersorpg a species when it is not present).

In territorial species, occupancy models can bd tsestimate the abundance and
distribution of territorial individuals or groupMécKenzie et al. 2006). Territories are generally
occupied exclusively by a single territorial indluial or group (Powell 2000). When patch size
is approximately equal to territory size, each @oed patch can, on average, be assumed to
contain a single territorial individual or group &eKenzie et al. 2006). The sum of occupancy
estimates across all patches is thus an estimaite ebtal number of territorial individuals or
groups (MacKenzie et al. 2006).

Our goal was to create a time- and cost-effectivaitoring protocol for wolves in
Montana that would provide estimates of numbensal¥es, wolf packs, and breeding pairs that
are sufficiently accurate and precise to meet tiledjriteria. Our first objective was to develop

a multi-year patch occupancy model using hunteeiadions of wolves that accurately



estimated statewide and regional numbers of wakg&or 2007-2009. Our models evaluated
alternative hypotheses regarding ecological, ggggcaand human-related factors that could
influence wolf pack detection, occupancy, colonaatand extinction probabilities across the
state. Our second objective was to estimate skddeand regional numbers of wolves for 2007-
2009. We evaluated whether we could use patchfgpeccupancy estimates of wolf pack
presence and patch-specific observations of mearbeuof wolves seen by hunters to generate
accurate estimates of the total number of wolv@sr third objective was to estimate numbers of
breeding pairs based on our occupancy model egsmdtnumber of wolf packs and existing
data on the distribution of wolf pack sizes in Mamd. To evaluate the accuracy of our models,
we compared our estimates of numbers of wolf pagksses, and breeding pairs to MFWP’s
minimum known number of wolf packs, wolves, anddaieg pairs.

Our final objective was to develop a modeling framgk that will enable MFWP to
evaluate alternative harvest and management seategan adaptive management framework.
Adaptive management is a formal, systematic apprtdaough which wildlife management
efforts can be improved by learning from managemeittomes. This process allows managers
to forecast the effects of management plans urdtenative models and then compare
forecasted estimates to post-management populesiimates to evaluate their effectiveness in
meeting desired goals.

METHODS
Modeling Framewor k

Patch occupancy models provided the overall frannkear all analyses conducted in

this report. We used occupancy models to estinm@@rtobability that landscape patches

contained a wolf pack. While individual wolves nig, join, or leave a particular pack, we



assumed the occupancy status (presence or absdrregntire pack remained constant during
our annual 5 week survey periods. We divided theey period into 5, 1-week sampling
occasions to obtain the repeated sampling reqfmreaccupancy modeling. Annual numbers of
wolf packs estimated from our occupancy models ipiexi/the foundation for estimating
numbers of wolves and numbers of breeding pairs.

To estimate numbers of wolf packs from 2007 to 20@®used multi-year occupancy
models developed in Program PRESENCE 3.0 (http Wwmbr-pwrc.usgs.gov.software.html;
MacKenzie et al. 2006). In addition to estimgtotcupancy probabilitieg, multi-year
models provided estimates of the probabilitiesuabccupied patches becoming occupied in the
subsequent year (local colonizatiai) [and occupied patches becoming unoccupied in the
subsequent year (local extinctiaf))[ thus enabling us to track dynamic populatioogesses
over time. The multi-year occupancy model usementer histories to estimate occupancy,
local colonization, local extinction, and detectfmobabilities p; MacKenzie et al. 2006).
Encounter histories are records of whether or rav@s were sighted in individual patches by
individual hunters during each sampling occasiDetections and non-detections are recorded
as a sequence of 1s and Os indicating whether a(@@&ere observed (1) or not (0; Table 2).

We used covariates to account for hypothesizedadpaitriation in model parameters,
and to evaluate a numberafpriori hypotheses regarding factors that may influencepancy,
colonization, extinction, and detection probalakt(Table 1). Given that there were four model
parameters to estimate, we used a multi-step psdoadentify our top model(s). We modeled
detection probability first, followed by occupancglonization, and extinction. For each
parameter, we identified the best model and thed tisat model structure when evaluating

alternative model forms for each additional paraneWe first evaluated univariate models for



each parameter, where we taagriori hypotheses regarding how the covariates woula e
parameter of interest. After determining the hesvariate model for a given parameter, we
then considered combinations of covariates indlpeunivariate models that made biological
sense and did not include covariates that werdyhagrelated (r < 0.70). In all cases, we used
Akaike’s Information Criterion (AIC) to rank mode{Burnham and Anderson 2002). Our final
top model was the model with the lowest AIC valoatthad parameter estimat@¥ \With 95%
confidence intervals (Cl) that did not overlap We chose not to retain covariates with
estimates that overlapped zero because these garamenimally improved model fit (Arnold
2010).

Hunter Surveys

We used hunter survey data to develop an encohistiery database to estimate numbers
of wolf packs. In Montana, MFWP has historicalgnducted annual phone surveys of a random
sample of resident deer and elk license holdegpréximately 50-80,000 hunters are surveyed
annually. Beginning with the 2007 hunting seasbea following questions were added to the
survey: 1) “Did you seel live wolf or wolves while hunting between Septemnh and January
15?7, and 2) “If yes, provide the hunting distridhere you saw wolves, the number of wolves
you saw, a landmark close to where wolves were, seghthe date when you saw wolves?” We
obtained 2007-2009 hunter survey data from MFWP.

We used the 5-week deer and elk rifle season asuvuey period. Each week
represented a sampling occasion (i.e., 5, 1-wemlplag occasions) and we assumed occupancy
of patches by wolf packs remained constant dutiegbtweek survey period. In 2007, the
survey period was from 21 October to 25 Novemlher2008 and 2009, the survey period was

from 26 October to 30 November. Because we weesanted in estimating occupancy for
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established wolf packs (i.e., a group>a2 wolves traveling together in a defined territdruller
et al. 2003), we only included visual observatibgsndividual hunters of 2-25 wolves in our
dataset. We dropped observations of single wdbeeause they did not meet the definition of
an established wolf pack and were more likely naistdications (i.e., species seen was a coyote
[C. latrang). We dropped observations of >25 wolves bec#usg were likely exaggerations or
people reporting wolves from multiple sighting osicas. We created point locations for
individual hunter observations based on the pravidadmarks (e.g., creeks, mountains, and
towns) using National Geographic TOPO! software ENGInc., Evergreen, CO). We were
able to locate correct landmarks on the map rabtiguickly by refining our search to the
hunting district where the wolves were seen. Wthemame of a creek or minor river was
provided as a landmark, we plotted point locatiaihthe creek or river's confluence. When we
could not clearly find the referenced locationsqpdescription, site that did not appear to exist),
we dropped that observation from the wolf locatidatabase (<5% of locations). We imported
point locations into ArcGIS 9.3.1 (E.S.R.l., RedlanCA) for analyses.

After developing point files of hunter observation® overlaid these points on a 600 km?2
grid spanning the state of Montana and assignetitts to individual grid cells. We used a 600
kmz grid cell size because it was equal in areag¢an wolf pack territory size in Montana (Rich
2010; Figure 1, Appendix C). For each patch, wemed a “1” for each sampling period where
at least 3 hunters saw a minimum of 2 wolves eadhad'0” for sampling occasions where
detection criteria were not met (Table 2). Enceuhistories were copied and pasted directly
into Program PRESENCE 3.0 for analyses.

Assessing false positivesin hunter survey data
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We were aware that data on sightings of wolvesubyeyed hunters were likely to
contain observations that were 1) not wolves, bybtes; 2) overestimates or exaggerations of
numbers of wolves seen; and 3) observations repfoteareas where wolves were not actually
present. Occupancy models assume that detecti@enspcies indicate “presence” (MacKenzie
et al. 2002). Consequently, we investigated séag@aroaches for reducing the number of false
positive observations in our dataset. Rich (2@M@uated how classifying a patch as occupied
based on different minimum numbers of hunters olisgr>2 wolves in that patch affected
occupancy estimates (Figure 2). She compared &stsnof wolf packs using these different
encounter histories with MFWP minimum known numbfewolf packs to determine which
datasets provided estimates comparable to MFWP d@saed on results from Rich (2010), this
report focuses on multi-year models that only ¢feegsa patch as occupied hunters
reported seeing2 wolves in a sampling occasion.

To further evaluate the effectiveness of this appho we estimated the rates of false
positive observations in three datasets (all olagems, observations whe¥2 hunters saw?2
wolves in a given sampling occasion, and obsermatwhere &3 hunters saw?2 wolves in a
given sampling occasion) using software developeDdwid Miller (Patuxent Wildlife Research
Center, USGS, Laurel, MD; Miller et ah review). The program estimates false positive rates
using both the Royle and Link (2006) approach &edéchnique developed by Miller et ah (
review.

Model Covariates

Multi-year occupancy models can contain both steeffic and survey-specific

covariates for occupancy, local colonization, laedinction, and detection probabilities. Site-

specific covariates are factors (e.g., percenstarever) that vary across patches, but do not
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change from year to year (i.e., survey periodsyeek to week (i.e., sampling occasions).
Survey-specific covariates (e.g., hunter effort) gary across patches and between years, but do
not change between weekly sampling occasions. fi2ecay models can also contain covariates
that vary among weekly sampling occasions. Wendidconsider any week-specific covariates
with the exception of examining differences in détsn among weeks because weather
conditions and vegetation cover, which may inflleeadhunter’s ability to detect wolves, often
change over the 5 week rifle season.

We assessed 5 site-specific covariates and 7 sspagific covariates in our models
(Table 1). We hypothesized that environmentaluiesst such as forest cover, elevation, and
slope could influence occupancy, colonization, klxedl extinction rates of wolf packs because
wolves select for forested areas (Mladenoff e1885, Mladenoff and Sickley 1998, Oakleaf et
al. 2006, Jedrzejewski et al. 2008) with low elexat and slopes (i.e., low levels of ruggedness;
Paquet et al. 1996, Oakleaf et al. 2006, Whittingtbal. 2008) where ungulates are more
accessible and abundant (Table 1). Forest cowdd @so influence&etection probability; either
positively because hunters are more abundant @sf®ior negatively because wolves are harder
to see in forests (Table 1). We estimated pera@est cover in each patch by reclassifying 90m?
land cover pixels (Gap Analysis Project, Wildlifpa®ial Analysis Lab, University of Montana)
into forest and non-forest. We derived slope dadation data from 200m?2 resolution digital
elevation models (DEM; USGS National Elevation Batqa We used the vector ruggedness
measure developed by Sappington et al. (2007)siesaderrain ruggedness (TRI). We chose
this measure of ruggedness because it was lesdated with slope than other methods. We

used Terrain Tools in ArcToolbox to calculate timstric using the 200m? DEM. We used a 3x3
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neighborhood to calculate TRIs and for each 606 didl cell, we computed mean TRI*100 as
unscaled TRI values were quite small.

We hypothesized that occupancy, colonization, andllextinction rates of wolf packs
could also vary with road densities because wadwvesften less abundant in areas with high
road densities (Mech et al. 1988, Ballard et a®8 Mladenoff and Sickley 1998, Jedrzejewski
et al. 2008; Table 1). Roads can fragment wolithabnd provide access to humans who
legally, illegally, or accidentally kill wolves (Mi et al. 1988, Fuller 1989, Mladenoff et al.
1995, Carroll et al. 2001, Fuller et al. 2003).leS8on or avoidance of roads by wolves,
however, depends on whether roads have high ohlonan activity (Whittington et al. 2008).
Wolves often use low-use roads as travel corrifbinsirber et al. 1994, Paquet et al. 1996,
Whittington et al. 2008; Table 1). Road densitesld also influence because roads likely
increase hunter access (Table 1). We classifiedsr¢U.S. Census Bureau Geography Division
2003 and USDA Forest Service 2007) as four-wheeeddWD; i.e., roads for vehicles with
high ground clearance) or two-wheel drive (2WD,, iteads suitable for passenger cars) and
eliminated all roads in areas with human populatiensities >25 people/km2 based on the
assumption that these roads represented high-ads.réVe then calculated low-use 4WD road
densities and low-use 2WD road densities (km ofistian?) using Spatial analyst in ArcGIS
9.3.1.

Survey-specific covariates included buck deer ratpdmull elk harvest, hunter effort for
elk, hunter effort for deer, sheep density, catdasity, and average number of wolves observed
per grid cell (Table 1). All of these factors \&tiacross but not within yearg/e hypothesized
that occupancy, colonization, and local extinctiates would vary with prey density because

wolf densities are positively correlated with uragel densities (Messier 1985, Fuller and Murray
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1998, Fuller et al. 2003; Table 1). We used busdr@dnd bull elk harvest per km? as indices of
deer and elk density because estimates of deezlkr@dbundance were not uniformly available
across Montana. Harvest of antlered deer andrelkféen positively correlated with deer and
elk abundance and may be an indirect, generalataiiof population level when no direct
estimates are available (Wood et al. 1989, HanmlochfRRoss 2002, Dusek et al. 2006). We
calculated annual buck deer and bull elk harvessitiefor each hunting district using ungulate
harvest statistics from MFWP (MFWP 2010). In reaéions and national parks, where hunting
was not permitted or MFWP did not have harvestrmfation (i.e., national parks and
reservations), we estimated indices of deer andetisity by averaging buck deer and bull elk
harvest densities in hunting districts along tihegpective borders. We also used ungulate
harvest statistics from MFWP to calculate annualtéueffort for elk (hunter days for elk/ km?)
and hunter effort for deer (hunter days for deetjkmeach hunting district. We hypothesized
that detection of wolves by hunters would increagh hunter effort (Table 1).

Wolves generally select for areas with low livegtdensities at the home range scale
(Oakleaf et al. 2006; Table 1) possibly becauseagament selects against wolf packs that prey
on livestock through lethal control (Sime et all@ We therefore hypothesized that occupancy
and colonization would be negatively associateth Viwestock density, while local extinction
would increase with higher livestock densities (€al). We used U.S. Department of
Agriculture livestock statistics to estimate anncettle and sheep densities by county (U.S.D.A.
National Agricultural Statistics Service 2010). Weluded wilderness areas and national parks
from counties to ensure livestock density estimatdg encompassed areas where grazing was

permitted.
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Lastly, we hypothesized colonization and localretton rates would vary with the

mean number of wolves seen by huntetg () because as the number of wolves traveling in a

patch increase, the likelihood the patch will blon@ed by a wolf pack should also increase
(Table 1). MFWP hunter surveys recorded numbergabies observed by individual hunters.
We summarized these data by grid cell concurretit ilding encounter history files. We
calculated mean, median, mode, and maximum vabtresdlves in each grid cell using the
Data> Subtotal function in Excel (Table 2). Because wk classified a patch as occupied if
>3 hunters saw2 wolves in a given week, patches that were noapied by a wolf pack during
a year often had a value for mean number of wdlvaswas greater than zero.

Estimating wolf packs

We evaluated multi-year occupancy models usingi@rod®RESENCE 3.0
(http://www.mbr-pwrc.usgs.gov.software.html; Mackenet al. 2006). We used the initial
occupancy (2007), local colonization, local extioet and detection model parameterization
which provided occupancy estimates for 2008 an®230derived parameters.

PRESENCE provided patch-specific estimates, stanetaors, and upper and lower 95%
confidence limits of initialy (2007), derivedy (2008, 2009),y (2007-2008, 2008- 2009},
(2007-2008, 2008- 2009), apd2007, 2008, 2009).

Once models were run in PRESENCE, we exportediitigidual model output file from
the top model to Excel. We used the sum of ocoeypaalues across all patches (statewide and
by wolf management unit [WMU]) as our estimateaifit number of wolf packs. Our final
estimates of total number of wolf packs were addi$or both partial cells on the border and
included estimates for reservations and nationddspaFor patches along the state border, not

wholly contained within the state, we scaled theupancy value by the proportion of the patch
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contained within the state. A small number othas (i.e., national parks and reservations) had
covariate data, but no hunter survey data as tlesg wot under MFWP jurisdiction for deer and
elk harvest. In these cases, we used the recursiditional occupancy equation (MacKenzie et
al. 2006, Equation 7.4) and covariate values fesdhcells to estimate occupancy.

Estimating total number of wolves

To estimate total numbers of wolves (statewide, WMuke multiplied the patch-specific

occupancy probabilities by, per grid cell and summed these values across #aecdr

interest.
Confidence intervalsfor wolf packs and total wolves

We used a Monte Carlo bootstrap approach to estift#b confidence limits for our
estimates of numbers of wolf packs and total nusbémwolves using the UNMARKED
package in Program R. Using this approach, wenpkad the encounter histories and
associated covariates 10,000 times, ran the toghstaicture to obtain estimates of numbers of
packs (or numbers of wolves), and calculated thpeupnd lower bounds (Appendix A: R code
for calculating confidence intervals for numbergpatks, numbers of wolves).
Estimating numbers of breeding pairs

In order to estimate numbers of breeding pairsfilseneeded to estimate the
distribution of pack sizes. While our occupancydelaapproach for estimating numbers of wolf
packs and numbers of wolves is valid on a stateaitkregional level, these models are not
designed to estimate sizes of individual wolf pacBecause our method for estimating the
probability of a wolf pack containing a breedingrps.dependent on individual pack size
(Mitchell et al. 2008), we used data on the disiiitn of pack sizes from known packs to

estimate the distribution of wolf packs sizes far modeled estimates of numbers of packs. We
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used data on pack size distributions from knowrf watks for 2005-2009 for the 3 recovery
areas in Montana. We determined the proportigpacks in 15 size classes ranging from <2
wolves to >15 wolves. We then estimated the nurpbeks in each size class by applying the
region-specific proportions (and associated vagaphto the numbers of wolf packs obtained
from our occupancy models.

Mitchell et al. (2008) used logistic regressiongmed models to relate the probability
of a wolf pack containing a breeding pair to paicle $or the 6 recovery regions (3 regions in
Montana) for the Northern Rocky Mountains. Wedige region-specific probability curves
for the Southwest Montana - Greater Yellowstonedfxpental Population Area (GYA),
Southwest Montana - Central Idaho Experimental Rajon Area (CID), and Northwest
Montana Recovery Areas (NWMT) (Mitchell et al. 2008nd our estimated pack size
distributions to obtain estimates of the numbersregding pairs in Montana for 2007-2009.
Model Evaluation

We compared our estimates of numbers of wolf pagkb/es, and breeding pairs to
MFWP’s minimum known number of wolf packs, wolvasd breeding pairs for model
validation. In the early years of recovery and reintroductishen the number of packs, wolves,
and breeding pairs in Montana were small, minimanonts approximated a census. As the wolf
population has grown, monitoring capacities hakelyi been exceeded, such that in recent years
minimum counts have increasingly under-represepbgailation size to an unknown extent.
Nonetheless, we did not expect the difference betweinimum counts and the true number of
wolf packs, wolves, and breeding pairs to be sulbisla We expected estimates would be
greater than but close to minimum coumt#hough an under-representation of populatioe siz

minimum counts represented the best availablenmdtion, which was at a level of detall
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unavailable for nearly any other carnivore popolatt a statewide scale, and thus a reasonable
standard for evaluating estimates.
RESULTS
Hunter Surveys

In 2007, 50,370 deer and elk hunters were survbyddFWP; 2.4% (1,207) san?2
wolves during the 5-week survey period. In 2008481 hunters were surveyed; 3.48% (2,870)
saw>2 wolves during the 5-week survey period. In 2@Q117 hunters were surveyed; 3.07%
(2,486) sawr2 wolves during the 5-week survey period. Mean lpers of wolves seen by
hunters increased over time, with hunters seeirgvarage of 1.05 wolves (SD 1.48) across all
grid cells in 2007, 1.72 wolves (SD 2.73) in 2088d 1.89 wolves (SD 2.89) in 2009.
False positives

We found 6.33-8.73% of all hunter sightings of wed\(i.e., using the complete data set)
were likely false positives. When we classifiedchas as occupied2 wolves were seen by
>2 hunters in a week, the false positive rate dseet#o 0.35-0.48%. By classifying patches as
occupied i>2 wolves were seen I8 hunters in a week, the false positive rate drdgydow
0.0005% for all years. Bglassifying patches as occupie@d# wolves were seen 38 hunters
in a week weminimized false positivesWe did not rarify the data further because doingveald
not reduce false positives substantially and wdilkkely increase false negatives.
Estimating wolf packs

Detection probability was high{= 0.23,Xmin = 0.06,Xmax= 0.92,SE = 0.024) across

Montana from 2007-2009. The top model showed #ipeselationship between the probability
that a wolf pack occupied a patch and forest calexation, and low-use 2WD roads (Table 4).

One model was within AAIC of the top model (Table 3); however, only tbe model had
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parameter estimates with 95% Cls that did not ape®l. We therefore used our top model for
estimating numbers of wolf packs. The probabihigt an unoccupied patch would become

occupied by a wolf pack in the following year wasspively related to forest cover, bull elk

harvest, andX

wolf

(Table 4). The probability that an occupied patculd become unoccupied

in the following year was negatively relatedXg  (Table 4). Lastly, the probability that a wolf

pack would be seen by a hunter was positivelyedl&d hunter effort for elk and forest cover,
and this probability changed between sampling acnaqTable 4).

Our top occupancy model estimated there were 82=(SE), 124 (SE = 28), and145 (SE
= 28) wolf packs compared to MFWP minimum count82f102, and 118 wolf packs in
Montana in 2007, 2008, and 2009, respectively. mhe@mum number of wolf packs known to
be in Montana was equal to the occupancy estima2807 and fell within the lower half of the
95% Cls for occupancy estimates in 2008 and 20Q@fuf€ 2). Maps showing distribution of
estimated wolf packs are located in Appendix Badidition to statewide estimates, we also
estimated numbers of wolf packs by WMU (Figure 4A).

Estimating total number of wolves

Our top model underestimated numbers of wolve2®®7 (x = 170, 95% CI: 118-232,
FWP min = 422) but provided estimates for 20@8470, 95% CI. 370-586) and 2008 £590,
95% CI: 450-812) that were comparable to FWP mimms497, 525 respectively). Because
the model underestimated the number of wolves ®@972we also examined estimates from the 2
hunter dataset for comparison (Figure 3). Totahber of wolves for 2007 was still
underestimate& =233, 95% CI: 219-337), whereas the model for 2008 708, 95% Cl: 626-
791) and 2009X =779, 95% CI: 705-853) appeared to overestimaéd bambers of wolves

(Figure 3). Maps showing distribution of estinthteimbers of wolves are located in Appendix
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B. In addition to statewide estimates, we alsoreged numbers of wolves by WMU (Figure
4B).
Estimating breeding pairs

Distribution of pack sizes for packs of known sizéMontana for 2005-2009 (Figure 5A)
indicated that the highest proportion of packs ¢&d-6 wolves with considerably fewer packs
containing >10 wolves. The distribution of packes also varied by recovery region (NWMT,
CID, GYA) (Figure 6). As expected, hunters gergrabserved fewer wolves than the known
pack sizes for given areas (Figure 5B).

Our estimate for numbers of breeding pairs for 2@@/breeding pairs, 95% CI: 22-56)
was close to the FWP minimum count of breedingsp@®), whereas our estimates for 2008
(61, 95% CI: 36-88) and 2009 (70, 95% CI. 42-10&yavsomewhat higher (Figure 7).
Modeling Alternative Harvest Strategies

Whereas we were not able to evaluate harvest for-2009, one of the objectives of our
patch occupancy modeling approach was to devetapreework where alternative
harvest/management strategies can be evaluata@. wéeprovide an example of how the 2007-
2009 patch occupancy models and associated dataecased to project wolf population
numbers for 2010 and provide a framework that Ganded to evaluate alternative
management/harvest options in the future.

The modeling procedure we have presented focusestonating current (or past) wolf
numbers; however, this approach can also be usédrfvinor modifications) to evaluate
potential effects of different management/harvesnarios on future populations. Whereas we

do not advocate trying to predict populations mgegrs into the future, we believe that using
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the current multi-year estimation framework (e @02-2009) is reasonable for evaluating effects
of different scenarios on the subsequent (e.g. Pgdax’s wolf population.

The basic procedure we have developed for estignatimbers of packs and numbers of
wolves covered in this report has 2 main compondntsse of patch occupancy models and
encounter histories to estimate number of packs2xucombiningcell specific occupancy
estimates with data on numbers of wolves obsemwedtimate total wolf populations. The
occupancy model predicts occupancy for individual gells based on the covariates included in
the model. For example, the top model for 200792@0luded effects of forest cover, elevation
and low-use 2WD roads. Using thestimates from the top model, we can derive 2007
occupancy values (initial occupancy) for any delvé know the covariate values are using the

following equation:

1. Logit (cell occupancy) = B (intercept) + B (forest) + B (low-use 2WD roads) + B (elevation)

We can also include effects of harvest/depredagamval on occupancy (and/or

colonization/extinction) to evaluate alternativemagement strategies:

2. Logit(cell occupancy) = B (intercept) + B ( forest) + B(low-use 2WD roads) + B(elevation) +
B(harvest)

3. Logit(cell occupancy) = B (intercept) + B (forest) + B(low-use 2WD roads) + B(elevation) +
B(removal)

4. Logit(cell occupancy) = B (intercept) + B ( forest) + B(low-use 2WD roads) + B(elevation) +

B(harvest) + B(removal)
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Because we are using a multiyear model that incatps dynamics processes, occupancy in
subsequent years (e.g. 2010) can be projected tigmgcursive conditional occupancy equation

(MacKenzie et al. 2006, Equation 7.4) where cedlesfic occupancy is calculated as follows:

5. Logit(Occ (t+1)) = (occ(t) *(1-extinction(t))) + ((1-occ(t)) * colonization(t)))

The equation defining occupancy for the top model0D07-2009 is shown above (Equation 2).

For local colonization and extinction for our 20BG09 model, the following equations apply:

6. Logit (Colonization) = B(intercept) + B (X, ) +B(forest) + B (bull elk harvest)

7. Logit (Extinction) = B(intercept) + B ( X, )

If (t+1) = 2010, (t) = 2009 values for occupancglomization, and extinction. Program
PRESENCE provides cell-specific estimates for afbmeters listed above, so calculating
projected values for 2010 is not difficult once $&ece output is exported to a spreadsheet.

Factors such as forest cover, elevation, low-us®2@ad density are static covariates

and do not change over time. B[, and bull elk harvest, however, we need to have
reasonable projections for what these values willnb2010. In addition to functioning as a
covariate in the occupancy mod#, , is also an important component of our model for

estimating total numbers of wolves. For this eisarcwe used average bull elk harvest values
for 2007-2009 for use in the 2010 projection. Ad blk harvest numbers for individual hunter

districts was relatively consistent across year2@®7-2009, we believed that the 2007-2009

average bull elk harvest was a reasonable estiofdmell elk harvest for 2010. Fox,, , on the

other hand, we expect that this value is very jikelchange over time. Fo, , , we developed
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a regression equation to predig,; values across a range of vegetative, geograpldc, an
management (removal) conditions that also incladgsowth factor (year) reflecting the
increased number of wolves reported by hunters 200v-2009. The dependent variable in

this model was grid cell specifig,; values and the independent variables were thecgtid

specific covariate values. The equation we useabignexample is as follows:

8. X, (grid cell) = B(intercept) +B(forest) + B (elevation) + B (low-use 2WD roads) + B (year) +

(bull elk harvest) + B (depredation removal)

Regression model output from this equation is foun@able 5.

As with the occupancy equation, forest cover, d@lemaand low-use 2WD road density
did not vary by year. To projet, values for 2010, we used 2007-2009 mean valudsuibr
elk harvest and depredation removals and year tepped forward (4) to reflect the increasing
time trend. Using grid-cell specific covariate was, we used the regression equation to project

X, Values for individual grid cells for 2010. It walalso be possible to aggregate grid cells

into similar areas (e.g . areas of similar forester and elevation) and use the regression

equation to estimat&,,; values on a broader spatial scale.

Once we had projected 2010 values for celli§pemccupancy andX we were able

wolf ?

to calculate the projected number of packs andeptegl numbers of wolves for 2010 (Figure 8).

As with the basic occupancy modeling approach, ume the projected occupancy values across

the state to get an estimate of number of pack&G®0 and sum (occupanc¥} ) values to get

an estimate of number of wolves for 2010. If hatwe removal effects were components of the
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model, we could compare alternative harvest stiesdgy comparing how total wolf packs and
total numbers of wolves vary under alternative nixde
DISCUSSION

The USFWS will require that state agencies withimWNRM annually estimate wolf
population size and distribution within their stéte5 years following removal of NRM wolves
from the Endangered Species List (USFWS 2006).h\d&disting, however, federal funding
previously available for intensive monitoring magctine, whereas logistical challenges may
increase as the wolf population grows. At the séime, public expectations for wolf
management after delisting will likely mean thatWP and other state agencies will need to
produce robust estimates of population size fartiné future. Methods for directly or indirectly
monitoring population abundance are costly and-imensive, especially at state-wide scales
(Crete and Messier 1987, Gros et al. 1996, Potvah 2005, Gompper et al. 2006).

To provide a time- and cost-effective alternatiwdnistorical monitoring and estimation
of NRM wolves, we developed a multi-season occupamadel using hunter surveys as the
sampling method, that accurately estimated the @dmge and distribution of wolf packs and
wolves in Montana from 2007 to 2009 as well as @ehthat accurately estimated the
abundance and distribution of breeding pairs. mh#i-season occupancy model allowed us to
estimate the probability each patch contained d& paxtk under the variety of ecological
conditions found in Montana and to develop an ustdading of the underlying population
dynamics that may cause an unoccupied patch tarieoccupied or an occupied patch to

become unoccupied (i.ey,and ¢ rates; MacKenzie et al. 2006).

To generate accurate estimates of model parameterisad to address the problem of

false positives within the hunter survey data get.we hypothesized, false positives decreased
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as the number of hunters who safvwolves in a patch increased. By only classifyangatch as
occupied i>3 hunters saw?2 wolves, we were able to meet the occupancy maglassumption
that wolf packs were not falsely detected when iatbaed strike a balance between minimizing
both false positives and false negatives.

To test model estimates, we compared them to MF\W&Rsial minimum known number
of wolf packs, wolves, and breeding pairs. Althlouginimum counts did not estimate true
population size, monitoring effort in the NRM haekln sufficiently intensive (i.e., a large
portion of the population was counted in any giyear) that minimum counts were likely a
reliable index of population size for wolves. Besa a large proportion of the population was
counted each year, we assumed minimum counts weitange underestimates of truth. This
assumption was supported when we used a detectienan that minimized both false positives
and false negatives (i.e. classifying a patch asped if>3 hunters saw2 wolves; Figure 2).
The one exception was our estimate for total nusibewolves in 2007. We estimated there
were 170 wolves which was well below the minimunsi2®. This underestimate may have
occurred because there were ~30,000 fewer huntersy&d in 2007 than in 2008 and 2009. It
may also have occurred because there were morevaheas of single wolves, which were
dropped from the occupancy analyses, in 2007 th&008 or 2009. Additionally, 2007 was
the first year that hunters were asked about walvethe telephone survey and were not yet
accustomed to reporting wolf observations in thesmer. The intensity of monitoring in
Montana, which resulted in a detailed understandirgppulation size that is unprecedented for
a large, wide-spread population of wolves (USFW&l.e2010), made the likelihood that
minimum counts were a misleading index or a stnamger-representation of true population

size relatively small.
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Detection probability for a population of animalayrbe influenced by their local
density, behavioral factors, seasonality, enviromiaeactors, weather, or sampling effort
(Royle and Nichols 2003, Bailey et al. 2004). ¥eour detection probabilities were higip (
= 0.23,SE= 0.024), indicating that hunter survey data candel to provide reasonably precise
estimates of occupancy and related parametersreSults showed wolf packs were more likely
to be seen by hunters in forested areas where heffiiet was high. The greater the hunter
effort and forest cover in a patch, the greatedimesity of hunters and thus the relatively high
probability that wolves were seen. The positie@s of low-use road densities on the ability of
hunters to detect wolves was consistent with opothesis but support for it was relatively
weak and uncertain (95% CI for coefficient includdd We did not detect any year-to-year
differences or time trends in detection rates f@0722009. To ensure their continued reliability,
information from hunters needs to be periodicalllidated with field data.

The probability that an animal will occupy, coloajor become locally extinct from an
area is not constant across time or space and argypvedictably with local ecological factors.
Previous studies have found wolves select foremteas (Mladenoff et al. 1995, Mladenoff and
Sickley 1998, Oakleaf et al. 2006, Jedrzejewskil.e2008) and use low-use roads as travel
routes (Paquet et al. 1996, Whittington et al. 2008e hypothesized wolf packs would be more
likely to have established territories in areaitese features. As we hypothesized, the
probability a site was occupied by a wolf pack @ased with forest cover and low-use 2-wheel
drive road density. These results suggest wolvefepto establish territories where there is
cover and a high density of accessible prey. Fom®vide cover and tend to have more
abundant prey and low-use roads could serve asl ttawridors making the prey more

accessible. Our finding that occupancy and elenatere positively correlated is likely
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because the majority of wolves were found in weskdontana where elevations were relatively
high and generally absent from eastern Montana elerations are relatively low.

We did not find occupancy to be influenced by lelil and buck deer harvest densities.
We assumed bull elk and buck deer harvest dengtg wdices of deer and elk density, which
may not have been valid if harvest density was nradieative of human access than ungulate
densities. This violation would cause the effedtbarvest density on occupancy to be
negatively biased if pack occupancy decreased nitfeasing human access. Additionally,
harvest of male ungulates may only be useful amg-term indicator because weather
conditions and harvest regulations can overrideufaion levels in influencing annual harvest
(Hamlin and Ross 2002). It is possible that untguigensities did not influence wolf pack
occupancy if ungulate densities were high acrosteme Montana. In the future, however, if
ungulate densities decline with the increasing tiiessof wolves, they may become a more
important determinant of site occupancy by wolfkzac

As we hypothesized, the probability an unoccupiaitipwas colonized by a wolf pack
in the following year increased with percent forester, bull elk harvest density, and mean
number of wolves seen by hunters. Assuming bllhakvest density was a reliable index of elk
density, these results show wolf packs were m&sdlito colonize forested areas with high
densities of elk, the primary prey for wolves ie tiRM (Bangs et al. 1998). Areas with high
food accessibility likely result in increased ntitmal levels of wolves which could increase
their reproduction and survival (Fuller et al. 2DO&olonization likely increased with the mean
number of wolves seen because the number of wolvepatch should be positively related to
the probability there wasl male and1 female that could pair up, reproduce, and estalali

pack.



28

Overall, occupancy estimates of the abundance @twbdtion of wolf packs and wolves
were consistent with the known abundance and bigtan of wolf packs and wolves in
Montana (Sime et al. 2010). There were severasatewever, where the occupancy model we
developed estimated presence of wolf packs whemne n@re known to be. For example, the
model estimated wolf packs inhabited the LittletEeld Big Belt Mountains northwest and west
of Helena, in the Helena National Forest betweeletteand Butte, and the Beaverhead and
Tendoy Mountains in southwest Montana (Appendix Blaccurate, this suggests continued
spread of the wolf population in Montana into are&gre wolves have yet to be documented or
monitored.

Our estimates of breeding pairs were developedyysack size distributions for 2005-
20009 for the 3 recovery regions in Montana. Varatn pack size distributions among years
contributed to the fairly large confidence intes/&dr our breeding pairs estimates. Whereas we
believed our estimates of breeding pairs for 200092were reasonable, accuracy of future
estimates using this approach will be dependemituenpack size distributions remaining within
this historic range. It is possible that the disttion of pack sizes may change as a region
becomes saturated with wolves. Because we canlasddistributions for all 6 recovery
regions across the NRM Region, we may be ableitogyhetter understanding of how pack size
distributions change by comparing distributionsuiaas with established wolf populations to
areas that have been recently colonized.
Harvest Modeling in Patch Occupancy Framework

Given the limited harvest data available for 2@0D9, we were limited in our ability to
fully explore the potential of modeling harvestipatch occupancy framework. The ability to

detect an effect if it actually exists (power dkat), is a function of both sample size and the si
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of effect we are hoping to detect. Given that katwccurred only in 2009, and we anticipated
the 2009 harvest effect to be evident on the 2040 population, we cannot yet model harvest
effects in an occupancy modeling framework. Adiahal years of data where wolf harvest
occurs become available, we will be better ablexjplore how harvest influences wolf
population dynamics in the state and address quesssiuch as 1) Is harvest additive or
compensatory? 2) Do depredation removals drive latipn dynamics? 3) Does prey
availability determine wolf population levels? grAre wolf population levels determined by a
combination of these factors?

MANAGEMENT IMPLICATIONS

Patch occupancy models based on hunter observatianslves can provide wildlife
managers with the ability to estimate the numberdistribution of wolf packs, wolves, and
breeding pairs at a statewide and WMU level. Timadels can help state agencies achieve the
USFWS recovery requirement of annually documerntiegnumbers of wolves and breeding
pairs (i.e., packs that contair? adults ana pups on 31 December; USFWS 1994) within their
respective states. A multi-season occupancy nuadebe used to ensure recovery objectives for
the NRM wolf population continue to be met priordlisting and to provide a reliable tool for
documenting recovery criteria following delisting.

In addition to documenting recovery criteria, migkiason occupancy models can be used
to monitor population trends and document new pagkmual estimates of the number of
packs, wolves, and breeding pairs can be comparéetermine if the population is increasing,
decreasing, or remaining the same. To the sareetefinnual estimates of the proportion of
area occupied by wolves (i.e., number of occupeadhes / total number of patches) can be

compared to evaluate changes in the spatial disioi of wolves. Because hunter survey data
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is collected annually and the model’s covariatesrat temporally static, the occupancy model
should detect if wolves appear in eastern Montar@adocument new packs, state agencies can
focus field efforts on patches where no known vpailtks existed but were identified as occupied
by the occupancy model or had a high probabilitgabnization. Likewise, local extinction
probabilities can be used to predict where wolfksagill have high turn-over rates.

Our occupancy model, similar to other models, stiowlt be considered a temporally
static model that can be used perpetually withidenice. The model requires periodic ground-
truthing to ensure its continued reliability. Mtwring is needed to verify hunters’ sightings
continue to be dependable indicators of the presehwolves. In the future, information
provided by hunters may become less reliable becaixwaning interest or because of attempts
to influence estimates by mischaracterizing thigintengs. Territory sizes also need to be
monitored because the accuracy of an occupancylmedd to estimate the number of territorial
animals or groups is dependent on the assumptadrp#ich size is equal in area to mean
territory size (MacKenzie et al. 2006). If terrjcsizes change as the density of wolves
continues to increase and wolf management becoroes imensive following desliting
occupancy estimates based on territory sizes weredd could become biased. Lastly, the
distribution of pack sizes needs to be monitoreensure continued reliability of breeding pair
estimates; the distribution of pack sizes may chaa®ya recovery region becomes saturated with
wolves. Development of an occupancy model based on mukipteey methods (e.g., hunter
surveys, scat, track, and howl! surveys; Nichol.e2008) is needed. Fine-scale survey methods
(Ausband et al. 2009; Stenglein et al. 2010) cheldised in conjunction with hunter surveys to
ensure future occupancy estimates are robust tkngeaes or changes in any one methodology.
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Table 1. Mean values of covariates included in multi-yeasugancy models for gray wolf packs in Montana, 28009 and
hypothesized relationships between covariates amalfgpack’s probability of occupancyX), local colonization f), local

extinction (¢), and detectionp) by a hunter.

All years 2007 2008 2009 Hypothesized
Model Covariaté relationshi

X SE X SE X SE X SE Y y ¢ p
Elevation 1.29 0.02 — — +
Slope 494 0.19 - - +

Terrain Ruggedness 0.23 0.34 - - _

Forest 0.25 0.01 + + - -+
Low-use 2wd roads 0.38 0.01 -+ -+ -+ +
Low-use 4wd roads 0.14 0.01 -+ -+ -+ +
Bull elk harvest 0.04 0.003 0.03 0.001 0.03 0.00 + + -

Buck deer harvest 0.17 0.003 0.16 0.003 0.15030.0 + + —

Hunter effort elk 238 012 255 013 242 0.12 +

Hunter effort deer 291 011 312 012 3.01 011 +

Cattle 594 011 648 012 650 0.12 - - +
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Sheep 0.77 0.04 080 0.04 0.75 0.04 - - +

R o 1.05 0.06 172 009 1.89 014 + -

2 Elevation = km; slope = degrees; forest = % focester in a 600kfpatch; low-use 2wd roads and 4wd roads = km ofiee 2-

wheel drive or 4-wheel drive roads per km2; bull ledrvest and buck deer harvest = bull elk or kaexde harvest per km2; hunter

effort elk and hunter effort deer = hunter daysdibror deer per kmz?; cattle and sheep = cattgheep per km3x,,,, = mean number

wolf
of wolves seen by hunters in a patch.
P In some cases, we hypothesized that a particalariate may be positively or negatively associatid occupancy, local

colonization, local extinction, or detection. Sggendix C for expanded description of biologicgpbtheses.



Table 2. Example of raw hunter survey data sdse@00knf grid cell for 2008 (black text).

This table (A) shows hunter survey data for grillscE59-161. Each row represents an

individual hunter observation. In this exampleleaist 3 observers need to see wolves in a given
week to get a “1”. After building the encountestiories (blue text) from the raw hunter survey
data (black text), the spreadsheet was collapseddo grid cell has 1 row containing the
encounter histories(B) and each grid cell hadwl containing associated data (C). Data in (B)
and (C) were input into Program PRESENCE.

A.
Encounter History -2008 Wolves seen
Grid Site Date # Wk Wk Wk Wk Wk x SD Max
cell  description wolves 1 2 3 4 5
seen
BLUE Nov 3
159 CREEK 17 0 0 0 0 0 3.71 1.80 7
2 Mi S of 7
159 Bull Lake Nov21
cabinet 3
159 basin Nov2
pilgram 2
159 creek Nov9
berryymoun 2
159 tain Nov14
159 Bull River  Oct28 5
South Fork 4
of Bull
159 River Oct26

»
o
o
o
o

160 Camp Creek Nov17 0O 340 194 6

160  bull lake Nov3 2
1 mile of 5

160 bull lake Nov1l
ross creek 2
near

160 kootenai Oct29
spruce lake 2

160 drainage Oct28
161 goat mnt Novi8 9 0 0 1 0 0 360 313 10

N Fork of 2
161 Ruby Creek Nov25
Preacher 2
Mtn
161 Drainage Nov6
near yack 2

161 burntdutch Nov4
161 pinecreek Nov4 2
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S. of Falls 2
Creek right
below

161 Grand Bar Nov9
preacher 2

161 mountain Nov10
north fork 10
of brien

161 creek Nov10
calahan 3

161 creek Oct26

Oct26 2

on yack 7

161 mountain

B. Final encounter history database.

Grid
Cell wkl wk2 wk3 wk4 wk5

159 0 0 0 0 0
160 0 0 0 0 0
161 0 0 1 0 0

C. Final datafile for grid cell specific informati@bout numbers of wolves observed (entered as
covariate in PRESENCE).

Grid

Cell mean SD max
159 3.43 1.81 7
160 4.00 1.87 6

161 3.40 2.46 10




Table3. Top models from a multi-year occupancy analysiggfaly wolf packs in Montana, 2007-2009. We con&denodels
within 4 AAIC to be competitive; lod) = maximized log-likelihoodK = number of estimable parametek#\|C = differences in AIC,
andw; = Akaike weights

ModeF Logl) K AAIC o

y (forest + elevation+ low-use 2wd roadsfforest + bull elk harvest K, ) & (X1 ) 312540 17 0.00 0.54

p(hunter effort elk + forest + week)

@ (forest + elevation + low-use 2wd roags(forest + bull elk harvest X, ) £( X, + 3125.70 18 0.30 0.46

forest)p(hunter effort elk + forest + week)

forest = % forest cover in a 600Kmpatch; elevation = km; low-use 2wd roads = kmosf-use 2-wheel drive roads per kmz; bull

elk harvest = bull elk harvest per km?; hunter gfédk = hunter days for elk per kmg; ., = mean number of wolves seen by hunters

in a patch.



Table4. Parameter estimates from the top model for airpedr occupancy analysis for gray

wolf packs in Montana, 2007-2009.

Parameter Variablé B SE  Effect Sizef{/SE)
Y Intercept -8.56 1.20
Forest 4.36 0.7 6.26
Elevation 1.82 043 4.28
Low-use 2WD roads  5.62 1.11 5.05
y Intercept -460 0.44
Forest 3.08 0.54 5.73
Bull elk harvest 1426 3.00 4.76
X0 0.58 0.13 4.63
£ Intercept 209 1.00
X -1.92 053 -3.61
p Intercept -2.55 0.23
Hunter effort elk 0.18 0.02 8.39
Forest 155 0.24 6.54
Week P 0.39 0.15 2.60
Week 2 0.03 0.15 0.20
Week 3 0.79 0.15 5.27
Week 4 -0.14 0.15 0.93

2 Forest = % forest cover in a 600kpatch; elevation = km; low-use 2wd roads = km of

low-use 2-wheel drive roads per kmz2; bull elk hatve bull elk harvest per km%

wolf

= mean
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number of wolves seen by hunters in a 60Batch; hunter effort elk = hunter days for elk per
kmz2,

\Week 5 was the reference category.
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Table 5. Regression model output for predictinggmeumber of wolves observed for individual
grid cells in a patch occupancy model frameworke Tegression equation used was as follows:
Mean # wolves seen(for individual grid cellBéntercept) B(forest) +p (elevation) + (low-
use 2WD roads) # (year) +p (bull elk harvest) 4 (depredation removals). {R 0.271F =

127.60, df= 6p <0.0005).

Parametér B SE t P Lower Upper
95% 95%

Intercept -1.50 0.23 -6.60 0.00 -1.94 -1.05
Forest 2.58 0.22 11.66 0.00 2.14 3.01
Elevation 0.68 0.15 4.42 0.00 0.38 0.97
Bull elk harvest 12,57 1.70 7.39 0.00 9.23 15.90
Low-use 2WD roads 0.62 0.24 2.61 0.01 0.16 1.09
Depredation removals 0.08 0.09 0.93 0.35 -0.09 50.2
Year 0.45 0.06 7.49 0.00 0.33 0.57

2 Forest = % forest cover in a 600kpatch; elevation = km; low-use 2wd roads = km of
low-use 2-wheel drive roads per kmz?; bull elk hatve bull elk harvest per km?; depredation

removals = # wolves removed per kralculated for individual counties in Montana.
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Figure 1. Map of Montana showing 600 Krgrid cells used to estimate patch occupancy
probabilities for gray wolves. Bold lines indicatlontana Fish, Wildlife, and Parks wolf
management units (WMUs). Grid cells are represebyegrey lines. Each 600 Krgrid cell is
equivalent to the average territory size of a wal€k in Montana.
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Figure 2. Patch occupancy model estimates, using hunter gsiagethe sampling method, of
the number of wolf packs in Montana in 2007, 2Q08] 2009. Hunter survey data were divided
into 4 detection criteria where a patch was onfgsified as occupied#2 wolves (w) were
detected by1,>2,>3, or>4 hunters (h) in a one-week sampling period. Oanuap estimates
were compared to Montana Fish, Wildlife and Parksmmum known number of wolf packs in
the state (Min). Minimums were based on aerial surveys of raditared wolf packs, howl,

track, and scat surveys, and field verificationpulblic reports.
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Figure 3. Patch occupancy modestimates, using hunter surveys as the samplingad of the
number of wolvesn Montana in 2007, 2008, and 2009. Hu survey data were divided intt
detection criteria where a patch winly classified as occupied2 wolves (w) were detecte
by >2 or>3 hunters (h) in a or&eek sampling period. Occupanestimates were compared
Montana Fish, Wildlife and Parks minimum known n@nbfwolves in the sta. Minimums
were based on dal surveys of radio collared wolf packs, howgdk, and scat surveys, a
field verifications of public report
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Figure 4. Patch occupancy model estimates, using hunteegsiias the sampling method, of
numbers of wolf packs (A) and total numbers of veslyB) by wolf management district
(WMU), 2007-2009, Montana. Montana Fish, Wildligsnd Parks minimum estimates are
provided for 2009, but were not available for 2GDOS8.
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Figure5. Distribution of gray wolf pack sizes in Montana {@&) known wolf packs statewide,
2005-2009 and (B) hunter observations in 608 grid cells, 2007-2009.
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Figure 6. Distribution of known wolf pack sizes by fedegahy wolf recovery areas in
Montana: (A) Northwest Montana Recovery Area (NWIM(B) Greater Yellowstone Recovery
Area (GYA), and (C) Central Idaho Recovery Areal§};12005-20009.
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Figure7. Number of breeding pairs of gray wolves in Mort&ased on estimates of # packs
derived from patch occupancy models and pack sstgluitions from known wolf packs in the
state. For each pack of a given size, proballityontaining a breeding pair was derived using
methods described by Mitchell et al. (2008).
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Figure 8. Projected estimates for number of wolf packs (AJ total number of wolves (Iin
Montana for 2010. Occupancy values were estimaset the top model for 20-2009 and
meanwolf values were estimated using a linear regressiodel

2010 estimated # packs = 152
(2009 estimated # packs = 145

2010 estimated number of wolves = 653
(2009 estimated number of wolves = 530)
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Appendix A. R-code for calculating confidence intervalsfiombers of wolf packs and
numbers of wolves.

* *% *

FILE FOR IMPORTING DATA TO RUN MODELS- save encoentistories and covariates as .csv files.
This code imports the data needed to run bootsfoapestimates of packs and estimates of total reimbf wolves

*%%k * *% * *% * * *% * *k kK * *kkk * *

(requires importing data on mean wolves, SD (mealves).
kkkkkkkkkkkkkkkkkkkkkkkkkkkhkkhhkkkhkkhkkkkkkkkkkkkkkkx

August, 2010

# Data import script for Betsy's wolf data

#

# Read in the .csv files for detection histories, s

# observation covariates. Create an unmarkedMultFra
# import mean wolves and SDs.

# Read the .csv files. Note that the .csv filename

# in them, but R objects do not. Note that we cons

# .csv files to be missing values (NAs). UMARKED do
# missing values though.

# Input files should all be in same order (by gridc

wolf.histories <- read.csv("wolfdata_histories.csv"

")

wolf.sitecovs <- read.csv("wolfdata_static_sitecovs
na.strings="-")

#wolf.year.sitecovs <- read.csv("wolfdata_year_site
na.strings="-")

wolf.obscovs <- read.csv("wolfdata_obscovs.csv", he

# top model structure - multiyear - 30sep2010: psi(
elev)gamma(meanwolf+forest+bull)
#eps(meanwolf) p(elkeffort+forest+week)

# Some information about the imported data:
numyears <- 3 # ***rxeeekkeek Number of years in d
NUMSItecovs <- 3 # *r*xkreeekkx Number of static s
roads, elevation

NUMYrCoVs <- 3 # ****xxxxikkkxx Nuymber of year-varyi
NUMODLSCOVS <- 4 # ***rxxkkkreek Number of observat
# Note: you only need to import the covariates pres

# May need to change names of columns in sections b
# *kkkkkkkkkkkkkkk End of user |nput *kkkkkkkkkkkkk

# Take a peek to make sure all imported OK.
head(wolf.histories)

head(wolf.sitecovs)

head(wolf.year.sitecovs)

head(wolf.obscovs)

# Look again. See if the names are what we want.

# data object into the class needed by unmarkedMult
frame).

wolf.histories <- as.matrix(wolf.histories)
wolf.sitecovs <- as.data.frame(wolf.sitecovs)

kkkkkkkkkkkkkhkkkhkkkkkkkkkkhkkkkkhkkk

ite covariates, and
me. And at the end,

s have an underscore
ider "-" (dashes) in the
esn't seem to deat with
ell).

, header=T, na.strings="-
.csv", header=T,
covs.csv"', header=T,

ader=T, na.strings="-")

forest +2wdr+

ataset
ite covariates, forest,

ng site covariates
ion covariates,

ent in the top model.
elow.

Make each imported
Frame (matrix or data

10



wolf.obscovs <- as.data.frame(wolf.obscovs)
wolf.year.sitecovs <- as.data.frame(wolf.year.sitec
head(wolf.histories)

head(wolf.sitecovs)

head(wolf.obscovs)

# Format observation covariates for the unmarkedMul
tmpobs <- as.matrix(wolf.obscovs)
wolf.obscovs.formatted <- NULL

wolf.week <- NULL

wolf.mean <- NULL

wolf.elkeff <- NULL

wolf.bull <- NULL

numsites <- length(wolf.histories[ ,1])

for (i in 1:numsites){

wolf.week <- append(wolf.week, tmpobs[i,2:16])
wolf.mean <- append(wolf.mean, tmpobs][i,17:31])
wolf.elkeff <- append(wolf.elkeff, tmpobs]i,32:46])
wolf.bull <- append(wolf.bull, tmpobs]i,47:61])

wolf.obscovs.formatted <- cbind(wolf.week, wolf.mea
dimnames(wolf.obscovs.formatted) <- list(NULL, c("w
"bull"))

wolf.obscovs.formatted <- as.data.frame(wolf.obscov
head(wolf.obscovs.formatted)

# Format yearly site covariates:
# Format site covariates into yearlySiteCovs for un
vec <- NULL
mat3 <- NULL
tmpyrscovs <- as.matrix(wolf.year.sitecovs| ,-1])
numsites <- length(wolf.histories[ ,1])
for (n in 1:numsites){
mat <- NULL
for(cv in 1:numyrcovs){

ifelse(cv==1, indbegin <- 1, indbegin <- indbegin+

indend <- indbegin+(numyears-1)
vec <- tmpyrscovs[n,indbegin:indend]
mat <- cbhind(mat, vec)

mat3 <- rbind(mat3, mat)

dimnames(mat3) <- list(NULL, c("bull", "elk", "mean
}

wolf.yr.sitecovs <- as.data.frame(mat3)
head(wolf.yr.sitecovs)

# Assemble the unmarked data frames

# need the unmarked library

library(unmarked)

# Strip unneeded gridcell ID column from detection
covariates.

wolf.histories <- wolf.histories[ ,-1]

wolf.sitecovs <- wolf.sitecovs] ,-1]

# The all years data frame, this is an unmarkedMult

ovs)

tFrame

n, wolf.elkeff, wolf.bull)

eek"”, "mean", "elkeff",

s.formatted)

markedMultFrame.

numyears)

")

histories and site

iFrame object.
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umf <- unmarkedMultFrame(wolf.histories, wolf.sitec
wolf.obscovs.formatted, 3, wolf.yr.sitecovs)

# Import mean wolf values and their SDs.

wolf.means <- read.csv("wolfmeanandse.csv", header=
names(wolf.means) <- c("gridcell", "mean07", "sd07"
"mean09", "sd09")

wolf.means <- as.data.frame(wolf.means)

# Clean up.

rm(tmpobs, tmpyrscovs, i, numsitecovs, numsites, nu
numyrcovs, wolf.week, cv, n,

vec, mat, mat3, indbegin, indend, humobscovs)

* * *% *kkk *% * *%k%k * *%

BOOTSTRAPPING FOR PACKS — sum of psis

*% *k%k *% *%

# 4 October, 2010

# Script to make bootstrapped Cls for wolf pack abu
now that umarked can project

# correctly for colext models (yay!)

#

# Bootstrap ClI for psis:

# 1. Resample detection histories and associated co
# 2. Calc psi for given model

# 3. Save in vector(matrix) and sum.

# 4. Sum, then make a matrix of the summed values f
iteration(resample)

# 5. Extract 2.5 and 97.5 quantiles.

# To help track time needed for bootstrap.
starttime <- Sys.time()

# Need the unmarked() library.
library(unmarked)

# Number of iterations. Use 10,000 once determine t
# start with i=5 just to make sure model runs corre
i =100

# Specify the detection, colonization, extinction,

# of the model formula. Each component is combined
# to make the model formula that is passed to the ¢

# Note that formula statements need to begin with a
# enclosed in quotation marks.

# Example: detection <- as.formula("~elkeff+forest

detection <- as.formula("~factor(week)+elkeff+fores
occupancy <- as.formula("~forest + elev + road2wdr"
colonization <- as.formula("~forest+bull+mean™)
extinction <- as.formula("~mean"

# unmarked data frame was made from a different scr
# Note that here the unmarked data frame is named "
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ovs,

M)
, "mean08", "sd08",

myears,

ndance. Modified by Betsy

variates

rom each

hat running ok.
ctly.

and occupancy portions
in the formula statement
olext() function below.
tilde (~) and should be

)
)
)

ipt.

umf".



data <- umf

#**************************************************

# Make a copy of the data frame to avoid contaminat

bdata <- data

ns <- numSites(bdata)

out.mat <- NULL

abunds <- NULL

sums <- NULL

for(i in 1:i){
# Get a resample of length numSites(bdata) with re
# This is done in two steps using indices from the
ind <- sample.int(ns, ns, replace=T)
bdata.ind <- bdata[ind, ]

# Fit a specified model to the resampled data.
msoccmod <- colext(occupancy, colonization, extinc
data=bdata.ind, control=list(maxit=5000))

# Get psi estimates for each row for each year.

# Array indices: mod@projected[parameter(1=p,2=psi
projecteds <- msoccmod@projected[2,1:3, ]

preds <- t(projecteds)

# Get meanwolves value for each year -don't need t
#wolf.means.ind <- wolf.means][ind, ]

#rwolves07 <- rnorm(ns, wolf.means.ind$mean07,
#rwolves08 <- rnorm(ns, wolf.means.ind$mean08, wol
#rwolves09 <- rnorm(ns, wolf.means.ind$mean09, wol
#rwolves <- cbhind(rwolves07, rwolves08, rwolves09)
# Remove zeros from rwolves.

#mwolves <- ifelse(rwolves<0, 0, rwolves)

# Multiply meanwolves by psi.
multed <- preds

# Sum columns of out.mat to get abundance estimate
abunds <- apply(multed, 2, sum)

# Build a matrix of summed psi*meanwolves values (
sums <- rbind(sums, abunds)

}

# use quantiles to find Cls.

#

wolf.ci <- NULL

for (y in 1:3)1

ci <- quantile(sums[ ,y], probs = ¢(0.025, 0.050, 0
0.0875, 0.900, 0.925, 0.950, 0.975))

wolf.ci <- rbind(wolf.ci, ci)

}

dimnames(wolf.ci) <- list(c("2007", "2008", "2009")
,"10%", "12.5%", "50%", "87.5%", "90%","92.5%","95.
wolf.ci

# Record how long it takes to run bootstraps.
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ion.

placement.
sample() function.

tion, detection,

), year, site]

his for pack Cls.

wolf.means.ind$sd07)
f.means.ind$sd08)
f.means.ind$sd09)

from each resample.

rows = #iterations)

.075, 0.100, 0.125, 0.500,

, c("2.5%", "5.0%", "7.5%"
0%","97.5%"))



endtime <- Sys.time()
runtime <- endtime - starttime
runtime

# Clean up.

#rm(occupancy, colonization, extinction, detection,
#i, ind, bdata.ind, msoccmod, preds, abunds, startt
#y, multed, rwolves, mwolves, sums, rwolves07, rwol
projecteds)

* *% * *k%k * *% * *% * *

Bootstrap program for # wolves (psi*mean)

*% *k%k *% *% *

# 1 October, 2010

# Script to make bootstrapped Cls for wolf abundanc
that umarked can project

# correctly for colext models (yay!)

#

# Bootstrap ClI for psitrmeanwolves:

# 1. Resample detection histories and associated co
# 2. Calc psi for given model

# 3. Multiply by associated (resampled) meanwolves
# normal dist. of mean, sd per gridcell.

# 4. Save in vector(matrix) and sum.

# 5. Sum, then make a matrix of the summed values f
iteration(resample)

# 5. Extract 2.5 and 97.5 quantiles.

# To help track time needed for bootstrap.
starttime <- Sys.time()

# Need the unmarked() library.
library(unmarked)

# Number of iterations.
i =100

# Specify the detection, colonization, extinction,

# of the model formula. Each component is combined
# to make the model formula that is passed to the ¢

# Note that formula statements need to begin with a
# enclosed in quotation marks.

# Example: detection <- as.formula("~elkeff+road2w

detection <- as.formula("~factor(week)+elkeff+fores
occupancy <- as.formula("~forest + elev + road2wdr"
colonization <- as.formula("~forest+bull+mean™)
extinction <- as.formula("~mean")

# unmarked data frame was made from a different scr
# Note that here the unmarked data frame is named "

data <- umf

# * * * *%kkk * * *%kkk * *kkkkkkk
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data, bdata, ns, out.mat,
ime, endtime, runtime, ci,
ves08, rwolves09,

e. Modified by Betsy now

variates

drawn from a

rom each

and occupancy portions
in the formula statement
olext() function below.
tilde (~) and should be

dr")
t)
)

ipt.
umf”.




# Make a copy of the data frame to avoid contaminat
bdata <- data

ns <- numsSites(bdata)

out.mat <- NULL

abunds <- NULL

sums <

- NULL

for(i in 1:i){

}

# use q
#

# Get a resample of length numSites(bdata) with re
# This is done in two steps using indices from the
ind <- sample.int(ns, ns, replace=T)

bdata.ind <- bdata[ind, ]

# Fit a specified model to the resampled data.
msoccmod <- colext(occupancy, colonization, extinc
data=bdata.ind, control=list(maxit=5000))

# Get psi estimates for each row for each year.

# Array indices: mod@projected[parameter(1=p,2=psi
projecteds <- msoccmod@projected[2,1:3, ]

preds <- t(projecteds)

# Get meanwolves value for each year
wolf.means.ind <- wolf.means][ind, ]

rwolves07 <- rnorm(ns, wolf.means.ind$mean07, wolf
rwolves08 <- rnorm(ns, wolf.means.ind$mean08, wolf
rwolves09 <- rnorm(ns, wolf.means.ind$mean09, wolf
rwolves <- chind(rwolves07, rwolves08, rwolves09)

# Remove negative values from rwolves.

mwolves <- ifelse(rwolves<0, 0, rwolves)

# Multiply meanwolves by psi.
multed <- preds*mwolves

# Sum columns of out.mat to get abundance estimate
abunds <- apply(multed, 2, sum)

# Build a matrix of summed psi*meanwolves values (
sums <- rbind(sums, abunds)

uantiles to find Cls.

wolf.ci <- NULL

for (yin
ci<-qu

1:31
antile(sums| ,y], probs = ¢(0.025, 0.05, 0.

0.875, 0.90, 0.925, 0.95, 0.975))
wolf.ci <- rbind(wolf.ci, ci)

}

dimnames(wolf.ci) <- list(c("2007", "2008", "2009")

,"10%",
wolf.ci

"12.5%", "50%", "87.5%", "90%","92.5%","95.

endtime <- Sys.time()

runtime
runtime

<- endtime - starttime

# Clean up.
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ion.

placement.
sample() function.

tion, detection,

), year, site]

.means.ind$sd07)
.means.ind$sd08)
.means.ind$sd09)

from each resample.

rows = #iterations)

075, 0.1, 0.125, 0.5,

, c("2.5%", "5.0%", "7.5%"
0%","97.5%"))



#rm(occupancy, colonization, extinction, detection,
#i, ind, bdata.ind, msoccmod, preds, abunds, startt
#y, multed, rwolves, mwolves, sums, rwolves07, rwol
projecteds)

data, bdata, ns, out.mat,
ime, endtime, runtime, ci,
ves08, rwolves09,
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Appendix B. The probability each 600 km? patch in Montana, U&ss occupied by a wo
pack (A) and the number of wolves (B) in 2007, 20081 2009. Occupancy probabilities w
estimated using a mulseason patch occupancy model with hunter survetfseasamplig
method and forest cover, louse -wheel drive road density, and elevation as pred
variables. Siaundred km?2 patches were used which was equakatarmean wolf pac

territory size in Montana. Montana Fish, Wildlded Parks (MFWP) known wc¢packs were
based on aerial surveys of radio collared wolf gablowl, track, and scat surveys, and f

verifications of public reports.
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Appendix C. Rich, L. N. 2010. An assessmentefdrs influencing territory size and the use

of hunter surveys for monitoring wolves in MontarMS Thesis, University of Montana,
Missoula.

(see attached



